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Abstract – Reflectance intensities of foliage are mostly due to biomaterials synthesised by plants. 

Adaptation to the continuously changing environment requires the regulated alteration of metabolic 

processes, which also influences the UV-VIS (Ultraviolet-Visible) and IR (Infra Red) spectra of 

leaves. For the calculation of various Vegetation Indices (VIs), e.g. NDVI (Normalized Difference 

Vegetation Index), the common practice is to use the reflectance spectrum of the whole foliage and 

when individual leaves of the same plant are sampled, an average VI is derived. On the contrary, our 

method exploits the small differences between individual leaves of the same plant, making use of the 

similar distributions of measured reflectance values. Using particular wavelength pairs, linear 

regressions of reflectance intensities have been investigated. The parameters of these regressions 

(slope and intercept) have been compared to the temporal variations of the environmental factors, such 

as temperature, vapour pressure deficit and soil moisture. By assessing the sensitivity of the regression 

coefficient (slope) to the changing environment, wavelength pairs can be selected whose sensitivity 

change reflects the effect of soil moisture deficit on the plant. Based on the state-dependent 

correlations of the reflectance spectra of plant foliage, a new concept is presented that is capable of 

indicating the level of environmental stress, e.g. drought stress. 
 

drought stress / state-dependent correlation / UV-VIS and IR spectrometry 

 

 
Kivonat – Talajnedvesség hatása bükk és kocsánytalan tölgy lombozat reflexiós spektrumainak 

korrelációira. A lombozat reflexiós intenzitásainak változását elsősorban a növény által előállított 

anyagok okozzák. A folyamatosan változó környezethez való alkalmazkodás megköveteli az 

anyagcsere-folyamatok szabályozott megváltoztatását, ami befolyásolja a levelek reflexiós spektrumát 

is az UV, látható és közeli infravörös tartományban. Különböző Vegetációs Indexek (VI) 

számításánál, mint pl. NDVI (Normalized Difference Vegetation Index), az általános gyakorlat szerint 

a teljes lombozat reflexiós spektrumát használják, vagy ha ugyanazon növény különböző leveleit 

mintázták, akkor egy átlagos VI-t származtatnak. Ezzel szemben módszerünk éppen a növény egyes 

levelei közötti kis különbségeket hasznosítja, kihasználva a mért reflexiós értékek hasonló eloszlását. 

Bizonyos hullámhosszpárokat kiválasztva, a mért reflexiós intenzitások lineáris regresszióit 

vizsgáltuk. A regressziós paramétereket (meredekség és tengelymetszet) összehasonlítottuk a 

környezeti hatások időbeli változásával, mint pl. hőmérséklet, légköri telítési hiány és talajnedvesség. 

A regressziós paraméter (meredekség) érzékenységének vizsgálatával olyan hullámhosszpárokat lehet 
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kiválasztani, melyek érzékenység változása tükrözi a talajnedvesség hiány növényre kifejtett hatását. 

Bemutatjuk az új módszer alkalmazhatóságát, amely a növényi lombozat reflexiós spektrumainak 

állapotfüggő korrelációján alapul, és amely képes a környezeti stressz, pl. szárazságstressz 

kimutatására. 
 

szárazságstressz / állapotfüggő korreláció / UV-VIS és IR spektrometria 

 

 

1 INTRODUCTION 

 

Water is not only the media for metabolism, but also one of the key substrates in the cells. 

The effect of its deficit on various plant tissues and on the whole plant is one of the most 

studied phenomena in plant science. Recent publications about plant drought stress focused 

on the genetic background of drought resistance, the modifications of plant hormone systems 

and enzyme activities, the changing accumulation of biomaterials and the improvement of 

drought tolerance, among others. The test plants were usually various agricultural crops e.g. 

wheat, rice, soybeans, grapes and tomatoes. On the contrary, publications studying the effect 

of drought on trees, particularly by spectrometric methods, are less frequent (e.g. Filella – 

Peñuelas 1994, Peñuelas et al. 1997a,b, Pu et al. 2003). 

The water status of trees can be measured by various methods, e.g. by leaf sampling and a 

pressure bomb (Scholander et al. 1965), stem psychrometer (Dixon – Tyree 1984) or the 

recently developed leaf patch clamp (Zimmermann et al. 2008). These methods are able to 

describe the instantaneous turgor pressure but reveal less about the long term effects of the 

drought stress, and may be very sensitive to the sampling time and conditions. On the other 

hand, the overall effect of the unfavourable conditions may be estimated by analysing the bio-

production of the plant, e.g. yield, growth or accumulated dry material, but it demands a 

longer period or a full growing season in order to obtain significant differences.  

The measurement of the leaf reflectance spectrum is a very promising way to characterize 

drought stress, and many different methods have been proposed to interpret the reflectance 

data. Many “high spectral resolution reflectance vegetation indices” have been developed to 

monitor biomass, phenology or physiology (Peñuelas – Filella 1998). These methods usually 

measure the reflectance at a few selected wavelengths and calculate a Vegetation Index (VI) 

from these reflectance values. 

For example, a Simple Ratio (SR) can be used to estimate green biomass: 

SR = RNIR / Rred, where R is reflectance and NIR stands for near infrared (Jordan 1969). 

A more robust and widespread method is the Normalized Difference Vegetation Index 

(NDVI) which is calculated as: NDVI = (RNIR – Rred)/(RNIR + Rred) and used not only at ground 

level but also by airborne or satellite remote sensing (Rouse et al. 1973). NDVI is mainly 

sensitive to the green biomass (Gamon et al. 1995), but decent correlations are found with 

many other environmental or physiological variables. The exact wavelengths of SR and NDVI are 

somewhat arbitrary, and vary according to the spectral sensitivity of the sensor that is used or the 

goal of the investigation. Many practical uses of the NDVI have already been proposed and also 

used in industry, e.g. irrigation scheduling (e.g. Hunsaker et al. 2007, Aldakheel 2011), soil 

salinity management (e.g. Li et al. 2014), yield prediction (e.g. Teal et al. 2006, Moriondo et al. 

2007) or fertilizer dosage adjustment (e.g. Stone et al. 1996, Crain et al. 2012). 

Not only red and near infrared light, but many other wavelengths have been investigated, 

and various other VIs have been proposed for different purposes. Table 1 summarises the 

most frequently used VIs along with the wavelengths they use. Many studies have been 

conducted to compare different VIs for specific application purposes, e.g. stress detection 

(e.g. Zarco-Tejada et al. 2004, Eitel et al. 2007, Pu 2008). 
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Table 1. The most frequently used Vegetation Indices along with their used wavelengths. 
 

Vegetation Index (VI) Abbrev. Wavelengths Reference 

Simple Ratio SR NIR, red Jordan (1969) 

Normalized Difference Vegetation Index NDVI NIR, red Rouse et al. (1973) 

Normalized Difference Pigment Index NDPI 430, 680 Baret et al. (1988) 

Modified Chlorophyll Absorption in 

     Reflectance Index 

MCARI 550, 670, 700 or 

550, 670, 800 

Daughtry et al. (2000) or 

Haboudane et al. (2004) 

Transformed CARI TCARI 550, 670, 700 Haboudane et al. (2002) 

Triangular Vegetation Index TVI 550, 670, 750 Broge - Leblanc (2001) 

Modified Triangular Vegetation Index MTVI 550, 670, 800 Haboudane et al. (2004) 

Renormalized Difference Vegetation I. RDVI 670, 800 Roujean - Breon, (1995) 

Soil Adjusted Vegetation Index SAVI 670, 800 Huete (1988) 

Improved SAVI with self-adjustment f. MSAVI 670, 800 Qi et al. (1994) 

Optimized Soil-Adjusted Vegetation I. OSAVI 670, 800 Rondeaux et al. (1996) 

Greenness Index G 554, 677 - 

Zarco-Tejada & Miller Index ZMI 710, 750 Zarco-Tejada et al. (2001) 

Simple Ratio Pigment Index SRPI 430, 680 Peñuelas et al. (1995) 

Normalized Phaeophytinization Index NPQI 415, 435 Barnes et al. (1992) 

3-band ratio RATIO 975, 1200, 1750 Pu et al (2003) 

Photochemical Reflectance Index PRI 531, 570 or 528, 567 Gamon et al. (1992) 

Normalized Pigment Chlorophyll Index NPCI 430, 680 Peñuelas et al. (1994) 

Carter ratios Ctr 420, 695 or 605, 760 

695, 760 or 710, 760 

Carter (1994) 

Lichtenthaler indices Lic 450, 800 or 440, 690 Lichtenthaler (1996) 

Structure-Independent Pigment Index SIPI 445, 680, 800 Peñuelas et al. (1995) 

Vogelmann indices Vog 740, 720 or  

715, 726, 734, 747 or  

715, 720, 734, 747 

Vogelmann et al. (1993) 

Gitelson and Merzlyak GM 550, 750 or 700, 750 Gitelson - Merzlyak (1997) 

Water Index WI 900, 970 Peñuelas et al. (1997b) 

Normalized Difference Water Index NDWI 860, 1240 Gao (1996) 

Disease Water Stress Index DSWI 547, 802, 682, 1657 Galvão et al (2005) 

 

Not only indices can be calculated from individual reflectance values, but other properties 

of the spectra may also be analysed. The “Red Edge” method calculates the derivative of the 

reflectance spectra in the red - near infrared region, and seeks the wavelength of maximum 

slope. The Red Edge position and shape can be an indicator of the chlorophyll content of a plant 

and its water status, among others (e.g. Filella – Peñuelas 1994). Pu et al. (2003) assessed the 

water status of Quercus agrifolia leaves using different absorption characteristics, such as 

wavelength position, absorption depth and width, and also a 3-band ratio at 795, 1200 and 

1750 nm.  

A recent study by Tan et al. (2013) compared 54 different VIs to find the best predictor 

for the Fraction of Photosynthetically Active Radiation (FPAR) and found that not a single VI 

but a combination of two VIs showed the best results. The Index Database maintained by 

Henrich et al. (2012) currently (in 2015) registers 517 different indices used by remote 

sensing. Thirty three of them aim to assess the water content of vegetation and 10 are related 

to stress. Clearly, there is a lot of information buried in the reflectance spectra of leaves. 

The method proposed by us offers a new approach to measure not only the short term, but 

also the cumulative effect of environmental stress with a potentially non-destructive method 

using the reflectance spectra of the leaves. It is based on the concept of the state-dependent 

correlation between biochemical variables by Németh et al. (2009a). If more leaves are 

sampled from the same plant for a VI measurement, the results of the individual leaves are not 

the same; therefore they are usually averaged to yield a single VI for the whole plant. On the 

contrary, our method exploits these small differences: the distribution of the measured 

reflectance values and the correlations between them. 
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2 THEORETICAL BACKGROUND AND RELATED WORK 

 

Plants tend to adjust their physiological state to the actual conditions of their environment. 

The primary environmental factor is light intensity, which is different in the foliage from leaf 

to leaf; therefore the intensities of photosynthesis are different in the individual leaves. Thus, 

the concentrations of plant metabolites have a distribution pattern within the foliage. 

Environmental factors are able to modify the expected values and standard deviations of these 

metabolite distributions, and they can also distort the shape of these distributions. Thus, the 

effect of environmental conditions on foliage appears in the distribution functions of the 

metabolites. This means that the expected values and the standard deviations of the 

metabolites can change with alterations of environmental conditions; the distribution 

functions of the metabolites can move to and fro along their scales (Badáczy et al. 2011; 

Németh 2013). 

If there are at least two metabolites in the metabolism whose amounts are regulated 

synchronously, then their types of distributions are necessarily the same, and the levels of 

metabolites correlate linearly to each other (Németh et al. 2009a). The theoretical equation of 

state-dependent correlation is deduced from the identity of the distributions of standardized 

metabolite levels, and this theoretical linear relationship can be approximated by regression 

analysis. The correlating metabolite concentrations provide a regression straight line. The 

slope and the intercept of this straight line are able to reflect alterations in the moments 

(expected value, standard deviation) of metabolite distributions induced by the environmental 

factors. Thus, the state-dependent regressions can indicate the modifications in environmental 

condition.  

 

2.1 State-dependent regressions of the reflectance spectra 

The reflectance spectrum, which is perceived as various colours in the visible range, pertains 

to the mixture of the different materials synthesized by leaf cells. Their amounts are the daily 

products of the photosynthesis that follow periodic alterations controlled by metabolic 

regulation. The diurnal variation of chlorophylls is one of the well-known cases of metabolic 

oscillations (e.g. Shimada 1958, Busheva et al. 1991). Similar diurnal changes have also been 

detected in other pigments, e.g. the xanthophylls (Adams – Demmig-Adams 1992). 

Due to their significant light absorption in the visible and infrared regions, plant 

pigments, e.g. chlorophylls, carotenoids, xanthophylls, etc. are the main materials that 

dominate the reflection spectrum of the leaves.  Since their distributions within the foliage are 

influenced by some environmental factors, the distributions of characteristic reflection (or 

absorption) intensities are also sensitive to environmental factors. Moreover, if the type of 

their distribution is the same, then the reflectance values belonging to various wavelengths 

will also linearly correlate and provide state-dependent regression straight lines. In 

conclusion, by measuring the spectra of leaves and deriving their state-dependent regressions, 

the alterations of the physiological states of the plants can be tracked.  

If the synthesis and decomposition of two arbitrary metabolites in the plant cells are 

regulated synchronistically, the actual concentration values of such metabolites are not 

independent of each other. Moreover, if their synchronistic regulation has linear character, 

then their concentrations will also be related to each other in a linear manner. Absorbance 

values (A) obtained by spectroscopic measurement at particular wavelengths (A1 and A2) are 

proportional to the concentrations of these synchronously regulated metabolites and thus they 

are also linearly linked.  

If the reflectance spectra have two such wavelengths (1 and 2), whose absorbance 

intensities (A1 and A2) have the same type of distribution, then the standardised values of 

those absorbance intensities must be identical: 
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𝐴𝜆1− 𝜇1 

𝜎1
=

𝐴𝜆2− 𝜇2 

𝜎2
 (1) 

 

Where  is the expected value and  is the standard deviation of the A absorbance 

intensity, measured at  wavelength. Rearranging Equation 1 produces the theoretical 

equation for the state-dependent correlation of reflectance spectra: 

 

 𝐴𝜆1 =
𝜎1

𝜎2
∙ 𝐴𝜆2 +

𝜎2∙ 𝜇1−𝜎1∙ 𝜇2

𝜎2
 (2) 

 

We investigated those wavelength pairs, whose absorbance intensities satisfy the 

equivalence criteria of Equation 2. This equation can be approximated by a linear regression: 

by fitting a straight line to the corresponding absorbance values: 

 

 𝐴𝜆1 = 𝑚 ∙ 𝐴𝜆2 + 𝑏 (3) 

 

Where m is the slope and b is the intercept of the regression straight line. 

 

2.2 Sensitivity and response time 

On the base of the analogy between technological and biological control systems, the concept 

of gain can also be applied to physiological processes (Németh 2009b). Adaptation to 

different environmental conditions appears in altering the parameters m and b, which is 

visible from the different A1 to A2 linear regression. The sensitivity of the state-dependent 

regression can be evaluated by comparing the magnitude of the environmental changes e.g. 

temperature, to the changes of regression parameters m and b. If the relationship is more or 

less linear, then the slope of this straight line is hereafter called “sensitivity” (S). The control 

theory suggests that plants under stress exhibit greater sensitivity to disturbing environmental 

factors and thus S increases. 

In a controlled environment such as a greenhouse, if we abruptly change (as a step 

function) only one influencing factor, e.g. temperature, we can measure the properties of the 

response: how intensely and how quickly the plant responds to reach a new quasi-stationer 

state. This measurement yields the sensitivity and the time constant of the system for the 

selected environmental parameter. However, under natural climatic conditions there are many 

influencing factors that change simultaneously and gradually. We can measure the response 

of the metabolic system, but the magnitude and duration of the influencing factor is not 

evident. To resolve this problem, the time series of the influencing environmental variables 

are needed with several samples at different times, which show the actual state of the 

metabolic system. 

The response of the plant to the changing environment is relatively slow, so the 

physiological state of the plant does not closely follow e.g. the daily course of the temperature 

but responds to a long term trend. This behaviour dampens abrupt changes and provides a 

more stable biological system dynamics with less fluctuation. This means that the actual state 

of a plant does not entirely depend on the instantaneous value of the influencing parameter, 

but is determined by the cumulative effect of a previous period. The length of this influential 

time interval can be on the order of days, and is called hereafter the “time of influence” (tinfl). 

The length of tinfl can also change, depending on environmental factors. To solve this 

problem, we calculated S as the linear regression of m against the environmental variable with 

many different tinfl to find that time interval which minimizes the variance, and therefore best 

describes the perceived change (see section 3.5.5). 
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2.3 The influence of the environment on the sensitivity 

If the sensitivity (S) changes over time, we can relate its change to the course of other 

environmental factors. With sufficient correlation and if logic doesn’t prove otherwise, we 

may assume that the influencing factor has been found (or at least one of them). In this paper 

we demonstrate that soil moisture has a good agreement with sensitivity changes at some 

selected wavelength pairs and thus these wavelengths are suitable for the indication of 

drought stress. 

 

 

3 MATERIALS AND METHODS 

 

3.1 Site conditions  

Leaf samples were collected at the Magasbérc Artificial Drought Experiment in the Sopron 

Mountains (N47°39’14”, E16°27’34”), Hungary, from two 64-year-old beech trees (Fagus 

sylvatica) and two sessile oak trees (Quercus petraea). Slight drought (soil moisture deficit) 

was simulated at a portion of the area by building a roof of plastic foil on wooden frames 1 m 

above the ground, which excluded precipitation. The treated area was already separated in 

2012 below ground by plastic sheets buried in a 1 m deep trench, to cut far reaching roots and 

prevent possible horizontal water movement. In addition, the site is located on a hilltop where 

not much surface or subsurface flow is expected so that the treated trees could be isolated 

from any water supply. 

We collected leaf samples 9 times between 11
th

 of July and 30
th

 of September 2014, with 

a sampling interval of about 2 weeks. The covering roof was assembled after the third 

sampling and thus, after that time, the treated area received no precipitation, which resulted in 

continuously decreasing soil moisture. In contrast the control area received the subsequent 

rainfalls and its soil moisture recovered after an intense decrease in July, thanks to the rainy 

and cold weather in August (Figure 1). Except for soil moisture, all the other environmental 

factors acted equally on the trees. 

 
Figure 1. Time series of total soil moisture (SM) at the Treated and the Control plot.  

Blue vertical lines show the time of sample collection. 

 

3.2 Sampling protocol 

We collected the leaf samples in the morning from the upper part of the canopy, using rope 

technique. We cut a small branch containing at least 7 healthy leaves from 1 treated and 

1 control tree of both species, hereafter denoted as TB (Treated Beech), CB (Control Beech), 

TO (Treated Oak) and CO (Control Oak). The cut branches were placed immediately into water 

and processing began no more than 1 hour after sample collection. Experience shows that this 

procedure minimizes the impact of cutting off the branches on the measurement results. 
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3.3 Environmental data 

Meteorological parameters and soil moisture were continuously monitored with a 5 minute 

data logging interval at the site and a nearby (400 m) micrometeorological tower. Soil 

moisture was measured by EC-5 sensors (Decagon Devices Inc., USA) close to the sampled 

trees, buried at 5 depths (10-20-30-50-90 cm). We calculated the total soil moisture (SM) by a 

weighted mean of the 5 data. Air Temperature (T) and relative humidity was measured by 

HMP155 sensors (Vaisala, Finland) above the canopy. From this data we calculated Vapour 

Pressure Deficit (VPD) after Hardy (1998), which is the difference between the actual water 

vapour pressure and the saturation water vapour pressure at a particular temperature. Unlike 

relative humidity, Vapour Pressure Deficit has a simple nearly straight-line relationship to the 

rate of evapotranspiration: as VPD increases the plant needs to draw more water from its 

roots, therefore it is a good indicator of the evaporative demand. 

 

3.4 Reflectance spectra 

We measured the reflectance spectra of the leaves (7 by each tree) in the UV-VIS range of 

200-1400 nm and 2 nm resolution with a Shimadzu UV-2600 spectrophotometer, and in the 

IR range of 700-400 0cm
-1

 and 1 cm
-1

 resolution with a Shimadzu IRAffinity-1 

spectrophotometer equipped with an HATR-10 total reflection accessory (Shimadzu Corp.). 

The wavenumber scale (cm
-1

) of this second instrument was converted to nm scale 

(2500-14940 nm) to avoid the confusion of scales on the graphs. The reflectance spectra of 

each leaf was smoothed by a 10 nm wide moving average, and the Standard Normal Variate 

(SNV) transformation was used to pre-process the data.  

 

3.5 Data evaluation 

Data processing and evaluation were done in Scilab 5.4.1 (Scilab Enterprises), and the 

covariance analysis and grouped linear regression were carried out in StatsDirect. 

 

3.5.1 Selection of wavelength pairs 

A sample set of 7 reflectance spectra (collected at the same time from the same tree) is shown 

in Figure 2 with the marks of the wavelengths demonstrated in this paper. 

 
Figure 2. Sample reflectance spectra set of 7 leaves, collected from the Control Beech,  

at the first sampling. Red vertical lines mark the demonstrated wavelengths. 

 

Using a 10 nm resolution, the combined UV-VIS-IR spectra provide 928,884 possible 

pair combinations. Of course, many neighbouring wavelengths show the effect of the same 

material and not all the materials show linear correlation, which we looked for. To find 

promising wavelength pairs, we calculated the correlation matrix of the spectra, from the 

7 leaves sampled at the same time. The Pearson R correlation coefficient shows the strength 
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and sign of the linear correlation. On these autocorrelation ‘maps’ (Figure 3) those regions 

have been separated that show remarkable linear correlation. In each region, wavelength pairs 

have been selected that exhibit the highest average correlation throughout the 9 samples. 

However there is no guarantee at this point that these pairs carry useful information, as e.g. 

they may represent two characteristic wavelengths of the same material. During the evaluation 

process detailed below, the useless pairs were filtered out gradually. In the following sections 

we demonstrate the workflow using the example of the 400-600 nm wavelength pair. 

 
Figure 3. Two examples of autocorrelation ‘maps’ in the 200-1400 nm range, 

 computed from 7 leaves of the first sampling. CB: Control Beech, CO: Control Oak.  

The colour shows the squared correlation coefficient (R
2
):  

more red means stronger linear correlation. 

 

3.5.2 State-dependent regressions 

The linear regressions of the absorbance values (Equation 3) of the previously selected 

wavelength pairs were calculated for all the 9 samplings that produced a slope (m) and an 

intercept (b) for each sample (Figure 4). 

 

Table 2. Pair wise slope and intercept comparison of the regressions for 400-600 nm 

absorbance values of the Control Beech at the 9 sampling times. The upper triangle 

of the table contains the probability limits of significance of slope comparisons; the 

lower one belongs to the intercept comparison. Darker colours show more 

significant differences. 
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With ANCOVA (Analysis of Covariance) homogeneity test, those wavelength pairs were 

rejected that showed no or very little variation in the parameters m and b. The reason is that 

although they showed a good linear correlation, they were not sensitive to external 

environmental factors. Table 2 shows an example of the significance levels of a pair wise 

slope and intercept comparisons. The majority of compared pairs of the regressions are below 

the significance criteria, therefore these regression pairs can significantly be distinguished by 

their slopes or their intercepts (or both). 

 

 
Figure 4. Example of the straight line regressions for 400-600 nm absorbance values of 

the Control Beech at the 9 sampling times. 

 

3.5.3 Distribution test 

The absorbance values of the selected wavelength pairs were standardized with the group 

means and standard deviations and plotted against each other. Ideally, the scatter plot should 

have a unity slope and zero intercept (m = ±1, b = 0) and the histograms must show similar 

distributions (but not necessarily a normal distribution) in order to satisfy the equivalence 

criteria of Equation 1. Figure 5 demonstrates that initial assumptions are strengthened and 

thus the state-dependent correlation theory can be applied. 

 

3.5.4 Environmental data processing 

It was necessary to characterise the effect of the continuously changing environment during 

the influencing time intervals (tinfl) before each sampling. Therefore, two characteristic values 

were calculated: the mean (Tmean(tinfl), VPDmean(tinfl)), and the average rate of change, which is 

obtained by fitting a straight line to the time series, and used the slope (or derivative) of this 

line as an indicator of the intensity of the change (Tchange(tinfl), VPDchange(tinfl)). E.g. 

Tchange(3) = -1.5 °C/day means, that during the influencing 3 days before sampling, the 

cooling was an average 1.5 °C per day. But the exact length of the time interval was not 

previously known and therefore representative values (mean and change) were calculated for 

a series of different intervals, e.g. Tchange(t), where t  ranges between 2 to 12 days with 1 hour 

resolution, which includes every possible value of the parameter tinfl. 
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Figure 5. Control Beech 400-600 nm standardized absorbance values and their  

relative frequency distribution. 

3.5.5 Sensitivity (S) and time of influence (tinfl) 

As defined before, the S is the sensitivity of the regression parameters (m and b) to 

environmental conditions. Assuming constant sensitivity, if the slope m of a state-dependent 

regression is plotted against the environmental factor e.g. Tchange, a derived straight line may 

be obtained. The slope of this straight line is the sensitivity related to temperature change 

(STchange). It shows how the state-dependent regression of the selected absorbances changes, 

when the weather is warming or cooling. If all the slopes of the state-dependent regressions fit 

to a common line, then the light absorbances at those wavelengths are not sensitive to any 

additional environmental stress factor, because the sensitivity is stable (STchange = const.). On 

the contrary, significant changes of S have been sought that can be used as an indicator of 

environmental stress. To investigate the possible changes of S as time passes, the samplings 

were grouped into shorter periods, and the S of each period was computed individually. Since 

there were only 9 samplings, 6 overlapping periods (P) were created from groups of 

4 subsequent samplings, e.g. P1: sample 1-2-3-4, P2: sample 2-3-4-5, P3: sample 3-4-5-6, etc. 
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The time of influence (tinfl) is the time interval before the sampling that describes the 

observed state with the highest probability. To find this time, for each period the Pearson R 

correlation coefficient was calculated for all the cases of m versus e.g. Tchange(t), where the 

latter is the characteristic value of the environmental parameter calculated at every possible 

tinfl (2-12 day). Graphically, it is equivalent to fitting a straight line to the measured m vs. 

Tchange(t) at all the possible tinfl, and R describes the goodness of fit. The change of this 

correlation coefficient (R) against time (t) is shown in Figure 6.A for all 6 periods. The 

maximum (or minimum) of this curve shows the time of the best fit and thus this time is the 

tinfl. The same concept can also be applied for other environmental variables (e.g. VPD) and 

both the mean and change values. 

The tinfl values calculated for the different periods sometimes show good agreement, but 

many times there are some periods out of the 6, which produce extremely low or high values 

(e.g. 2.6 day in Figure 6.A). In theory the time of influence is not a fixed value, but may 

change as S, since tinfl is also a biological response parameter. But these extremes are probably 

due to a special pattern of the weather alteration that misguides the algorithm. To safely 

calculate the real tinfl for each period, more samplings were needed. To avoid the disturbing 

effect of these outliers, we assumed a constant tinfl during all the periods. This is based on the 

mean R of the 6 periods: the time of the maximum (or minimum) of this Rmean indicates the 

presumed common tinfl (Figure 6.B). Graphically, this tinfl ensures the best common fit of the 6 

lines. The slopes of these 6 lines are the required sensitivities (STchange); see Figure 6.C. 

 
Figure 6. Control Beech 400-600 nm response to Tchange variations.  

A.) The correlation coefficients (R) vs. all possible tinfl for the 6 periods (P).  

The maximum (or minimum) of each curve indicates the assumed tinfl, marked with a vertical line.  

B.) The mean of the 6 correlation coefficients (Rmean). Its maximum indicates the common tinfl. 

C.) m vs. Tchange(tinfl) with the regression lines of the 6 periods.  The slopes of these 6 lines are 

the sensitivities of the periods (STchange). 

 

3.5.6 Changing sensitivity in response to environmental stress 

We needed to describe the overall effect of environmental conditions which may induce a 

stress syndrome in the plants. We calculated the mean values of the main environmental 

variables (SM, T and VPD) during the presumed common tinfl before every sampling, and from 

these ones, the period means were computed for the 6 periods. In this way, for every period 3 

environmental factors (SMperiod-mean, Tperiod-mean, VPDperiod-mean) and a sensitivity (S) were 

obtained. Plotting S against the period means of the environmental factors, characteristic 

curves are revealed. The first graph in Figure 6 shows that with decreasing soil moisture the 

sensitivity increases (negative slope decreases) which can also be seen in Figure 5.C as more 

steep lines. Similarly, with increasing soil moisture the sensitivity decreases as expected. On 

the contrary, the sensitivity shows no clear connection to the temperature or the vapour 

pressure deficit (Figure 7. T and VPD). 
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Figure 7. Control Beech 400-600 nm sensitivity for temperature change (STchange)  

during the 6 periods (identified by numbers) vs. the environmental variables: 

SM - Soil moisture, T - Mean temperature, VPD - Vapour Pressure Deficit. 

 

 

4 RESULTS AND DISCUSSION 

 

Applying the previously described method, wavelength pairs that showed systematic 

sensitivity changes under drought stress were selected. 

There are wavelengths which work well for both species, e.g. 400-600 nm, which is 

presented in Figure 8. Here, the regression parameter (m400-600) varies in response to the 

average temperature change (Tchange). The sensitivity of the regression in the 6 periods is 

expressed by the sensitivity for temperature change (STchange). This STchange is plotted against 

the average soil moisture (SMperiod-mean), which shows that in beech trees (Figure 8 left) the 

sensitivity increases with decreasing soil moisture (increasing drought). This means if the 

trees are under stress, the change of m400-600 is bigger for the same amount of temperature 

change. The sensitivities of control beech (CB) show a nearly linear relationship with the soil 

moisture. The sensitivities of the treated beech (TB) show less change for a while, but below a 

certain soil moisture content (< 13%) they increase considerably. 

The same seems to be true for the oaks (Figure 8 right); the only difference is the sign of 

the sensitivity. This negative sign means that for temperature increase (warming), oak trees 

raise the absolute magnitude of m400-600. On the contrary, beech trees lessen the absolute 

magnitude of m400-600 under the same circumstances. What matters is not the sign, but the 

magnitude of the sensitivity, which increases with the decreasing soil moisture as expected, 

signalling greater stress. If the wavelengths for the calculation of m are simply exchanged 

(e.g. not 400-600 nm, but 600-400 nm), the sign of S reverses. 

Regressions of wavelength pairs, which can express sensitivity to the VPDchange are also 

be found. An example is shown with the beech trees in Figure 9, measured at 1230-1290 nm. 

Not only the visible or near infrared range can be informative, but sensitive wavelengths 

in the middle infrared region can also be identified. An example for the oak trees at 

5310-5440 nm (1883-1838 cm
-1

), and for the beech trees at 8030-8090 nm (1245-1236 cm
-1

) 

is depicted in Figure 10. Both regressions of wavelength pairs are sensitive to the rate of 

temperature change (Tchange). These regressions show behaviour similar to the previously 

detailed examples. 
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Figure 8. Beech (left) and Oak (right) 400–600 nm sensitivity (STchange) vs. average Soil Moisture 

(SMperiod-average) during the 6 periods. STchange is the sensitivity of m400-600 to Tchange variations.  

TB: Treated Beech, CB: Control Beech, TO: Treated Oak, CO: Control Oak. 

 

 

 
Figure 9. Beech 1230-1290 nm sensitivity (SVPDchange) vs. average Soil Moisture (SMperiod-average) 

during the 6 periods. SVPDchange is the sensitivity of m1230-1290 to VPD change variations. 

CB: Control Beech, TB: Treated Beech. 

 

 

 

Figure 10.  Oak 5310-5440 nm (left) and Beech 8030-8090 nm (right)  

sensitivity (STchange) vs. average Soil Moisture (SMperiod-average) during the 6 periods.  

STchange is the sensitivity of m5310-5440 and m8030-8090 to Tchange variations, respectively.  

TO: Treated Oak, CO: Control Oak, TB: Treated Beech, CB: Control Beech. 

 



22  Eredics, A. et al. 
 

 

Acta Silv. Lign. Hung. 11 (1), 2015 

At 400 nm and 600 nm wavelengths the absorbance intensities are mainly affected by the 

photosynthetic pigments (chlorophylls, xanthophylls, carotenoids, etc.). At 400 nm almost all 

of the pigments contribute to the resultant absorption, but at 600 nm the absorbance is 

determined mainly by chlorophylls. Thus the m400-600 slope changes of the state-dependent 

regressions indicate the variation in the ratio of chlorophylls compared to the total pigment 

content, and this variation is sensitive to the environmental parameters such as temperature 

and soil moisture. Between 1200 and 1300 nm, water and the lingo-cellulose system are the 

significant influencing factors for the light absorption. At even higher wavelengths, the 

overtones of vibration resonances of the molecules prevail the absorbance spectra. 

However, to successfully use the state-dependent regression method, the exact knowledge 

of the underlying materials is not required and in many cases it is not even possible due to the 

high number of different bio-materials that shape the spectra at a given wavelength. 

The wavelengths presented in this paper are not meant to be a process description, but to 

serve as the proof of concept. To fine tune the method for practical application more 

investigation is needed. 

 

 

5 SUMMARY 

 

Middle-aged beech and sessile oak trees have been investigated while slight drought (soil 

moisture deficit) has been simulated at half of the trees. Environmental parameters have been 

continuously monitored and the foliages have been sampled regularly to obtain UV-VIS-IR 

reflectance spectra of the leaves. 

The state-dependent correlations at particular wavelength pairs in the reflectance spectra 

of foliage are sensitive to environmental variations. Changes in the environmental parameters, 

such as those of temperature or vapour pressure deficit, cause significant variations in the 

slope of the regression straight lines. The sensitivity of this variation, e.g. how big the slope 

change is for a given temperature rising, can be expressed by the sensitivity for temperature 

change. This sensitivity, in turn, varies with the soil moisture; the bigger the water deficit, the 

greater the absolute magnitude of the sensitivity. Therefore the slopes of the state-dependent 

regressions of some selected wavelengths are good indicators of the available soil moisture.  

If the selected wavelengths are not directly sensitive to the water content of leaves, but 

measure some synthesized bio-materials, then the slopes represent the underlying metabolic 

regulation. In this way, the changes of sensitivity reflect the changes of metabolic regulation 

and its stability. The state and the stability of the regulation define the level of drought stress, 

summing up the long term effects of the environment. 

This method applies the approach of state-dependent correlation for data analysis. This 

kind of correlation, due to the synchronous regulation of certain bio-material pairs, can be 

found in many biochemical processes. The exact qualification of materials influencing the 

reflectance spectra may be desirable but is not necessarily required. This is because it is not 

the material qualities but their amounts that determine the regression relationship at the 

selected wavelengths. The existence of state dependent correlation can be proved statistically 

without a priori knowing the materials involved. Moreover, as previous studies suggest, it 

might be utilized to assess not only drought stress, but many other environmental stress 

factors, too. However, it requires further investigation. 
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